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Abstract .  This paper describes an adaptive method for the recovery 
of 3-D shape models from sequences of images. A 3-D surface model, 
initialised to be spherical, is progressively deformed under the action of 
simulated external forces arising from the profile of the target object 
in successive images, obtained using a low-level motion segmentation 
algorithm. Intrinsic constraints encourage the model to deform smoothly 
and to remain symmetrical about a vertical plane parallel to the direction 
of motion. 

1 Introduction 

Shape is one of the main attributes of an object and is important in applications 
such as object tracking, recognition and visualisation [1, 2, 3]. A basic goal of 
computer vision is to obtain shape models for 3-D objects directly from images. 
Shape recovery based on a single 2-D image of an object is difficult due to the 
impoverished information for deducing the 3-D structure of the visible object 
surface and the lack of information about hidden parts of the surface. In practice, 
multiple images appear to be necessary, showing the object from different views. 
The problem is to synthesise shape information available from successive images 
into a single shape model. 

In this paper, we present an adaptive method for obtaining shape models of 
objects moving autonomously in natural environments. We require two major 
assumptions about the objects to be modelled: (1) they move on a ground plane; 
and (2) they are rigid and symmetrical about a plane parallel to the direction of 
motion. The method centres on the use of a 3-D physically-based surface model 
which is progressively deformed under the action of external forces, driving the 
model profile towards the object profiles extracted from an image sequence. 
Suitable intrinsic constraints maintain prior assumptions about the object shape. 
The model resulting at the end of an input sequence represents the 3-D object 
shape. 

Our method requires the extraction of object profiles from the images and the 
correct alignment of the model with the object in each image. This is achieved 
by pre-processing the image sequence using a motion segmentation algorithm to 
detect and track objects, and ultimately to infer their poses in 3-D (see [4, 5] 
for details). The model is initialised to a sphere and deformed incrementally for 
each image in the sequence. On each step, the model surface deforms elastically 
away from its current shape. 
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Fig. 1. Definitions of coordinate systems 

There is a considerable body of work on the reconstruction of the visible 
surfaces of objects from their images (see [6, 4]). This paper is most closely 
related to the work of Terzopoulos, et al [7], in which 3-D shape information 
for surfaces of revolution is extracted from profile data using a physically based 
model. Our work extends their idea to deal with objects symmetric about  a 
plane. 

2 D e f o r m a b l e  M o d e l  

A world coordinate system X is chosen so that  the ground plane on which 
the objects are moving is given by Z = 0 (Fig. 1). The transformation from 
world coordinates to pixel coordinate �9 of the image is characterised by a 3 x 4 
calibration matrix C (using homogeneous coordinates for x and X )  

. = c x  (1) 

This matrix is assumed to be known, and for our experiments, is found automat- 
ically using statistical regularity in the projected sizes of moving objects (see [5] 
for details). Finally, the model is expressed in a model centred coordinate system 
X I" 

The physically based model is a simple closed surface represented in paramet- 
ric form as r (u ,  v), where (u, v) E [0, 1] 2 are the material coordinates. The sur- 
face has the following boundary conditions: r(u, O) = r(u, 1), "~-~ I(~,0)~ = ~jl(~,l),~ 
r(0,  v) = r(0, 0), and r(1, v) = r(1, 0), i.e. the model is <'seamed" at v = 0 and 
v --- 1, and has two poles. The model is progressively deformed for each image of 
the sequence according to extracted profile information. Let ~(u, v) be the model 
resulting from the previous frame (the model prior to processing the first frame 
is initialised to a sphere). ~(u, v) represents the best estimate of object shape 
to date. External forces derived from the object profile in the current image are 
applied to give an elastic deformation of ~(u, v). The model being deformed in 
the current frame, r(u, v), is expressed as 

v(u, v) = ~(u, v) + d(u, v) (2) 
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Fig. 2. (a) The deformable model; (b) Determination of external force. 

where,d(u, v) is the displacement away from the 'reference' shape ~(u, v) (Fig.2a). 
The deformation behaviour of the model is governed by the equation (see [4] for 
details) 

5dg(d ) = f ( r )  (3) 

where, f is the net external force acting on the model, and S(d) is the deforma- 
tion energy produced due to the deformation of the model away from its original 
position. The variational derivative 5d$(d ) is thus the elastic force so produced. 

The deformation energy g(d) used here is the membrane deformation energy 
suggested by Terzopoulos [8] 

- 2 1 ( ( ( O d ~ 2 ( O d ) 2 )  \ \-~u] Ov g(d) = J wl + + wod 2 dudv (4) 

where constants w0 and wl are weighting parameters used to control the local 
magnitude and variation of the deformation respectively. This deformation en- 
ergy encourages stepwise deformation to be smooth but does not prevent creases 
from developing in the surface over several frames should this be justified by the 
profile data. 

2.1 In tr ins i c  C o n s t r a i n t  Forces  

Intrinsic constraints reflect the general assumptions about the final model shape. 
They endow the model with particular shape characteristics. In order to impose 
these constraints conveniently, we pose the initial model in such a way that the 
line intersecting with its two poles is parallel to the ground plane. We call this 
line the base axis of the model. 

A regu la r i ty  cons t ra in t  force maintains a uniform deformation of the 
model in the direction of the base axis. The idea is to encourage sample points 
in the discretisation of the model to be uniformly distributed. Let ~(u, v) and 
r(u, v) be the reference model and current model respectively. Let n and n be 
the unit direction vectors of the base axes in the reference model and the current 
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model respectively. For each point r(u ,  v), the intrinsic force attracts it in the 
direction n to a position r(u,  v) + k n  which satisfies the following equation 

(r(u, v) + k,~ - r(O, O)) .n  (~(u, v) - KO, 0)). ,~ 
= (5) 

D2 D1 

where, O1 is the distance between ~(0, 0) and ~(1, 0) (the poles of~(u, v)) and D2 
is the distance between r(0, 0) and r(1, 0) (the poles of ~'(u, v)). The constraint 
force f R  is defined as follows 

I R = ~ikn (6)  

where the constant factor hi controls the strength of the force. 
In the discrete situation, this intrinsic constraint force encourages the 'lati- 

tudes' of the model to be regularly spaced along the base axis, thereby distribut- 
ing sample points over the shape. 

A s y m m e t r y  c o n s t r a i n t  force imposes symmetry about a vertical plane 
parallel to the motion direction of the object. This constraint is indirectly im- 
plemented by imposing external forces symmetrically (see Section 3). 

A f l a tness  c o n s t r a i n t  force f r  is applied to the model surface in the neigh- 
bourhood of the intersection with the symmetry plane to remove a tendency for 
creases to develop in this area (see [4] for details). 

In our recent work, an internal energy which automatically encourages a 
smooth and uniformly sampled surface of the model has been introduced to 
replace the use of the regularity and flatness constraints. 

3 E x t e r n a l  Force  

For each point on the model, we need to determine how much, and in which 
direction, the external force is acting on it. Intuitively, the force should be pro- 
portional to the distance between the data points on the object and the corre- 
sponding points on the model [9, 10]. In our situation for which no explicit 3-D 
information is available, we choose the external forces in such a way that  they 
draw the model profile towards the object profile. 

The set P of points on the model which project onto the model profile is 
computed. The external forces are applied only to these points. Other points on 
the model are adjusted by virtue of the intrinsic forces. The external force on a 
point X in P is computed as follows (Fig. 2b). 

Let X be the orthogonal projection of X onto the base axis__((or the model 
centre if X is a pole). Let ~ and ~- be the images of X and X respectively. 
Assume ~P is the intersection of the line segment ~---~ with the object profile. 
Under perspective projection, there must exist a point X p on the line segment 

X X ,  which projects to ~P. X p satisfies the following: 

x p  = x + ( x  - x ) t  (7) 
xv = C X p 

for some t. For a nonconvex object, there may be more than one intersection 
point. In that  case, we take the one which is farthest from ~. 
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Fig. 3. (a) Four object images with the object at different positions and orientations. 
(b) Initial model and intermediate models corresponding to the images in (a); the 
model at frame 24 is the final model 

The external force acting on the point X is defined as: 

f = :  Llxx ll (8) 

where, As is a constant factor which controls the strength of the force. ]l.]l is the 
standard Euclidean norm. The direction of the force is along the vector X p - X .  
This force is transformed into the model coordinate system X '  before applying 
it to the model. 

The external forces are symmetrically applied to the model. For each point 
in P ,  we apply the symmetrical force to its corresponding point. It may happen 
that  both corresponding points are in 7', and influenced by different external 
forces due to noise in the extracted profile and other factors. In this case, we 
simply use the force which has the smaller magnitude. 

The net force applied to the model is now if = fR  + f F  + l B .  

4 E x p e r i m e n t a l  R e s u l t s  

The system (3) is discretised for numerical simulation based on the method 
used by Terzopoulos and Witkin [11]. Experimental results are presented for a 
sequence of 24 images depicting a car turning into a parking space. Fig. 3a shows 
frames 4, 10, 16 and 24. Fig. 3b shows the initial model, and intermediate states 
of the model after processing of the same images. The model at frame 24 is also 
the final model. These intermediate models are shown in the same pose states 
as those of the object. 
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5 C o n c l u s i o n  

We have proposed a method for generating 3-D object models from 2-D images 
using a deformable model coupled with suitable intrinsic constraints. Under the 
action of simulated external forces, the model is deformed gradually to approach 
the object shape as it follows the motion of the object. The simulated external 
forces are based on the object profile, which is relatively easily extracted f rom the 
image. Intrinsic constraints encourage the model to have certain desired shape 
characteristics. The deformation energy (4) ensures tha t  individual deformations 
at each step are smooth but may accumulate over several frames to allow creases 
to emerge. The result is a 3-D model suitable for use in a variety of applications. 
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